Interaction detection methods have led to the discovery of thousands of interactions between proteins, and discerning relevance within largescale data sets is important to present-day biology. Here, a spectral method derived from graph theory was introduced to uncover hidden topological structures (i.e. quasi-cliques and quasi-bipartites) of complicated protein±protein interaction networks. Our analyses suggest that these hidden topological structures consist of biologically relevant functional groups. This result motivates a new method to predict the function of uncharacterized proteins based on the classi®cation of known proteins within topological structures. Using this spectral analysis method, 48 quasi-cliques and six quasi-bipartites were isolated from a network involving 11 855 interactions among 2617 proteins in budding yeast, and 76 uncharacterized proteins were assigned functions.
INTRODUCTION
With the availability of complete DNA sequence data for many prokaryotic and eukaryotic genomes, a formidable challenge of post-genomic biology is to understand how genetic information results in the concerted action of gene products both temporally and spatially to achieve biological function, as well as how they interact with each other to create an organism. It is important to develop reliable proteome-wide approaches for a better understanding of protein functions (1, 2) . Genomic approaches have been used to predict functions of a large number of genes based on their sequences. However, as we know, proteins rarely act alone at the biochemical level; rather, they interact with other proteins as an assembly to perform particular cellular tasks. Having systematic functions, these assemblies represent more than the sum of their parts (3) . Traditionally, protein interactions were studied individually by genetic, biochemical and biophysical techniques focusing on a few proteins at a time (4) . It is increasingly realized that dissecting the genetic and biochemical circuitry of a cell prevents us from further understanding the biological processes as a whole. Basic constituents of cellular protein complexes and pathways, protein±protein interactions are key determinants of protein function. It is believed that all biological processes are essentially and accurately carried out through protein±protein interactions.
In the last 3 years, high-throughput interaction detection approaches, such as yeast two-hybrid systems (5, 6) , protein complex puri®cation techniques using mass spectrometry (3, 7) , correlated messenger RNA expression pro®les (8, 9) , genetic interaction data (10, 11) and`in silico' interaction predictions derived from gene context analysis [gene fusion (12, 13) , gene neighborhood (14, 15) and gene co-occurrences or phylogenetic pro®les (16, 17) ], have been developed and they have created a number of datasets regarding protein± protein interactions for several model organisms (Saccharomyces cerevisiae, Caenorhabditis elegans and Helicobacter pylori). These large-scale datasets open a door to comprehensive understanding of the genetic and biochemical phenomena in a cell. Subsequently, several promising methods have been successfully applied to this ®eld. For instance, Schwikowski et al. (18) and Hishigaki et al. (19) predicted uncharacterized proteins based on interacting partners; Maslov and Sneppen (20) analyzed the stable topological properties of interaction networks; Ge et al. (21) provided the ®rst global evidence that genes with similar expression pro®les are more likely to encode interacting proteins; and Fraser et al. (22) revealed that the connectivity of well-conserved proteins in the network is negatively correlated with their rate of evolution. These studies revealed that the available data from protein±protein interaction networks in S.cerevisiae share some unexpected features with other complex networks.
The topological pattern of interactions is a rich source of biological functional information, and therefore we need to develop methods to mine and to understand the interaction networks. Here, we applied the spectral analysis method, which has been successful used in other ®elds (23) , to proteomics to identify topological structures of interaction networks, i.e. quasi-cliques and quasi-bipartites. Interestingly, we found that the proteins within same group share similar biological functions. Moreover, for one-third of proteins that are still uncharacterized in S.cerevisiae, this method provides a new approach to predict their functions based on topological structures.
MATERIALS AND METHODS

Spectral analysis
Spectral analysis is a powerful tool to reveal high-level structures underlying enormous and complicated relationships. As a famous paradigm, David Gibson, Jon Kleinberg and Prabhakar Raghavan did excellent work on extracting information from link structure of the Web (23, 24) . The World Wide Web is known to be composed of an increasing number of pages with hyperlinks pointing to other pages. Despite high complexity of the Web structure, spectral analysis was successfully used to discover`authoritative' information sources and`hub' pages joining authoritative ones together.
We applied the spectral analysis method to complicated protein±protein interaction networks and identi®ed interesting topological structures. In this method, a network is represented by a bi-directed graph G(V,E), i.e. vertex set including each protein as a vertex V = {P 1 ,P 2 ¼P n }, and the edge set E = {(P i ,P j )| there is an interaction between protein P i and P i }. The symmetric n Q n adjacent matrix is de®ned as A = (a ij ), where a ij = 1 if (P i ,P j ) Î E, and a ij = 0 if (P i ,P j ) Ï E.
Spectrum of the adjacency matrix A is essentially a reasonable measurement of properties of nodes that could be propagated across the interactions. Let us consider assigning a score to each node to represent their intensity, say X. A node with a high score would increase its neighbors' score through their interactions. In other words, two nodes are mutually reinforcing, which is in nature a cyclic de®nition of scores:
The iteration method derived from Gibson et al. (23) and Kleinberg (24) is introduced to break such a cycle. It is interesting that X i converges to a ®xed point from any initializing assignment, and it can be proved that the ®xed point is one of the eigenvectors of matrix A, which means it is an intrinsic characteristic of interactions. Moreover, since matrix A is symmetric, all of its eigenvectors are mutually orthogonal, which means that the corresponding properties are also mutually independent. In other words, each eigenvector represents a special property that none of the others could represent.
Identi®cation of topological structures
From a topological point of view, the spectrum helps to uncover the hidden topological structures of a complex interaction network. We found that for each eigenvector with a positive eigenvalue, the proteins corresponding to absolutely larger components tend to form a quasi-clique (i.e. every two of them tend to interact with each other) (Fig. 1a) , whereas for each eigenvector with a negative eigenvalue, such proteins tend to form a quasi-bipartite (i.e. the proteins in which two disjoint subsets express high level connectivity between sets rather than within sets) (Fig. 1b) .
This observation can be explained as follows. The maximal eigenvalue of an adjacent matrix is the maximal value of
(where x i is the ith component of the eigenvector). Other positive eigenvalues can also be described as the maximal value Q with orthogonal condition. Since Q is the summary of x i x j corresponding to edge v i v j , it would be maximal when the nodes with more edges are assigned a larger value with the same signal, which form a quasi-clique intuitively. Similar quasi-bipartites would be obtained eigenvectors with negative eigenvalues.
We applied the clustering coef®cient (CC) (25, 26) in our analysis to quantify a quasi-clique's tendency to form a cluster. The ratio between the number of edges that actually exist between these N nodes and the total number N(N ± 1)/2 gives the CC-value of a quasi-clique, i.e. CC = E/[N*(N ± 1)/ 2]*100%, where E is the number of interactions within the clique and N is the number of proteins in it. CC is greater than 0 and less than 1. A value close to 1 represents a clique close to a complete graph.
Assignment of annotation and P-values to quasi-cliques
As an isolated quasi-clique may involve different functional categories, P-values (27, 28) are used as criteria to assign each quasi-clique a main function. Hypergeometric distribution was applied to model the probability of observing at least k proteins from a quasi-clique size n by chance in a category containing C proteins from a total genome size of G proteins, such that the P-value is given by
The above test measures whether a quasi-clique is enriched with proteins from a particular category more than would be expected by chance. If the P-value of a category is near 0, the proteins of the category in a quasi-clique will have a low probability of being chosen by chance. Here, we assigned each quasi-clique the main function with the lowest P-value in all categories.
RESULTS
Data source and analysis
Among the interactions produced by high-throughput methods there could be many false positives. To measure their accuracy and to identify the biases, von Mering et al. (4) assessed a total of 80 000 interactions among 5400 yeast proteins reported previously and assigned each interaction a con®dence value. In order to reduce the interference by false positives, we focused on 11 855 interactions with high and medium con®dence among 2617 proteins.
To analyze the interaction dataset, ®rst we applied the spectral method to calculate all eigenvalues and eigenvectors of the adjacency matrix corresponding to the network. The following criteria were then used to generate quasi-cliques based on eigenvectors with larger and positive eigenvalues. (i) All the proteins were sorted by their absolute weight value in an eigenvector, and the top 10% were selected. (ii) Every protein must interact with at least 20% of the members. Here, we used CC-value to measure the degree of the interconnectivity between nodes and tuned the parameter to guarantee the quality of those cliques. (iii) A quasi-clique must contain at least 10 proteins. As a result, we yielded 48 quasi-cliques, among which the largest one contains 109 proteins (quasiclique 1 in Table 1 ) and the smallest one contains 10 proteins (quasi-clique 45 in Table 1 ); on average, a quasi-clique contains 26.6 proteins (a protein may appear in different quasicliques). Similar analysis based on eigenvector with negative eigenvalue produced six quasi-bipartites.
The two topological structures show different interaction patterns. In a quasi-clique proteins tend to interact with each other (Fig. 1a) , while in a quasi-bipartite, proteins between sets have denser interactions than those within sets (Fig. 1b) . 
Annotation of quasi-cliques
For each of the 48 quasi-cliques, we calculated its P-value and annotated it based on the Munich Information Center (MIPS) hierarchical functional categories. MIPS allows a protein to appear in more than one category, which was taken into account in the calculation of P-value. As a result, 43 quasicliques were annotated with one functional category and the other ®ve quasi-cliques were assigned to a set of functional categories (Table 1 ; see Supplementary Material for complete data sets). We investigated the functions of individual proteins in quasi-cliques and found that most of them usually share common functions, including ribosome biogenesis, rRNA and tRNA synthesis, processing, transcription control and mRNA splicing, etc. (Fig. 2 and Table 1 ). Only a small fraction of the proteins turn out uncharacterized or have functions con¯icting with the common function of the quasi-clique, as shown in Figure 2 . This could be explained by either unavoidable false positive interactions under the current experimental conditions or that the proteins really share this kind of function but it is yet not proved.
To visualize protein interactions and functional annotations, we have developed a software package that, along with the complete set of data generated by our algorithm, is publicly available at http://www.bioinfo.org.cn/PIN/. Using this software, users can view topological structures and ®nd annotations of proteins and their interactions conveniently.
Functional prediction for uncharacterized proteins in quasi-cliques
The isolated quasi-cliques give a good clue to predict functions of the uncharacterized proteins. Among the 2617 proteins in the raw dataset, 555 were uncharacterized according to MIPS hierarchical functional categories (4) . For the 76 uncharacterized proteins in the 48 quasi-cliques, we assigned for each one a function according to the main function of its hosting quasi-clique. If a protein falls into more than one quasi-clique, the main function of the quasi-clique with the lowest P-value was assigned to it. If multiple hosting quasicliques have the lowest P-value, or a quasi-clique has multiple main functions, a set of functions would be assigned to the protein. The 76 unknown proteins and their predicted functions with the corresponding P-values are listed in Table 2 . There are 43 rRNA processing proteins, seven proteins related to pre-RNA processing, 11 proteins related to ribosome biogenesis, and the other 15 proteins related to energy, metabolism, cytoskeleton and transcription-regulating (See Table 2 for complete data).
We assessed the ability of the P-value to annotate and assign functions using the same approach as Wu et al. (28) . As a control, we created and analyzed random networks with the same interaction distribution as the original network. The results show that among the 48 quasi-cliques of our experimental data, >87.5% were signi®cant in one or more annotation categories at P`0.01/Nc (here Nc is the number of categories), whereas <2.1% of quasi-cliques identi®ed from random network met the same criteria. This means a substantial fraction of isolated quasi-cliques are likely to be biologically meaningful. Some of our predictions were supported by recent experimental evidence. Of all the quasi-cliques, ®ve were dominated by uncharacterized proteins (functions are unknown for at least 50% of proteins, Fig. 2 ), which imply that those unknown proteins in a same quasi-clique may form a large complex relating to a certain cellular process. For quasi-cliques 3 and 4, most of the proteins were predicted to mediate rRNA processing, which is partly consistent with the results from recent experiments (29, 30, 31) (Fig. 3) .
DISCUSSION
The yeast large-scale protein±protein interaction data have broadened our view of protein functions in this proteomics era. The biological processes of a cell are controlled by interacting proteins in metabolic and signaling pathways and in complexes such as the molecular machines that synthesize and use adenosine triphosphate, replicate and transcribe genes, or build up the cytoskeletal infrastructure (32, 33) . The knowledge regarding protein±protein interactions has been accumulated by biochemical and genetic experiments, including the widely used high-throughput interaction detection methods, such as the yeast two-hybrid system and protein complex puri®cation techniques using mass spectrometry. Now, a challenging task is to decipher the relationships between individual proteins and to understand the molecular organization of cellular networks. Here, for the ®rst time, we analyzed the complicated protein interaction networks using the spectral analysis method. This approach is useful in revealing hidden topological structures, including quasicliques and quasi-bipartites, which exhibit meaningful information of a complex network. Figure 4a shows a part of the original interaction network, which contains 109 proteins. It looks confusing and dif®cult to assimilate before analysis. In contrast, a tightly interacting quasi-clique including 68 proteins was found from this part of network by spectral analysis. This suggests that a network actually is not random as it appears (Fig. 4b ).
As part of these studies, we ®rst offered a¯exible and promising large-scale protein function prediction system based on spectral analysis. Compared with the previous approaches, what we presented here has a number of practical advantages. Previous methods used partners or neighbors alone to perform the prediction, whereas our method utilized the more informative topological structure of the whole network, and produced some results that were not covered by the previous predictions. The 76 proteins contain 43 rRNA processing proteins, seven proteins related to pre-RNA processing, 11 proteins related to ribosome biogenesis and another 15 proteins related to energy, metabolism, cytoskeleton and transcription regulation. As a control, we created and analyzed random networks with the same interaction distribution as the original network. The results show that among the 48 quasi-cliques of our experimental data, >87.5% were signi®cant in one or more annotation categories at P`0.01/ Nc (here Nc is the number of categories), whereas <2.1% of quasi-cliques identi®ed from a random network met the same criteria. Some of our predictions have been proved by experiments published recently. This suggests that our prediction method is accurate. Furthermore, this method is a universal one that could be used to predict protein function in other organisms. Ribosome biogenesis
The ORF name of proteins is listed in the`Protein' column, corresponding P-value is listed in the middle column and predicted function for each protein is listed in the`Predicted function' column. Although the initial results are promising, the current method is still far from perfect. We have not yet fully explored all quasi-cliques, for that the problem has been proved to be NP-Complete. Therefore new methods should be developed to reveal more sophisticated topological features. It should be pointed out that prediction accuracy is affected by knowledge of known annotations and false positive interactions. It is well known that so far annotations of proteins in databases are incomplete, i.e. a number of proteins with well-characterized function, or at least well-supported functional prediction, are annotated as`unknown function' in MIPS. This introduces additional uncertainties into our prediction. We believe that our prediction would be better if a more accurate interaction and annotation dataset was applied.
